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We use panel data from a randomized controlled trial (RCT) administered among 1200 smallholders in Uganda to
evaluate input use and food security impacts of an improved maize storage technology. After two seasons,
households who received the technology were 10 percentage points more likely to plant hybrid maize varieties
that are more susceptible to insect pests in storage than traditional lower-yielding varieties. Treated smallholders
also stored maize for a longer period, reported a substantial drop in storage losses, and were less likely to use
storage chemicals than untreated cohorts. Our results indicate that policies to promote soft kernel high-yielding
hybrid maize varieties in sub-Saharan Africa should consider an improvement in post-harvest storage as a com-
plementary intervention to increase adoption of these varieties.1. Introduction
Many poverty alleviation and development programs implemented in
sub-Saharan Africa (SSA) focus on increasing agricultural production and
smallholder productivity, frequently by encouraging smallholders to in-
crease their use of improved seed varieties and chemical fertilizer
(Evenson and Gollin, 2003; Pingali, 2012). Often, however, these pro-
grams ignore what happens to output in the post-harvest season (World
Bank, 2011). This is problematic, because while maize is the most
important staple food in Eastern and Southern Africa, the softer kernel
high-yielding hybrid varieties commonly promoted there offer less nat-
ural protection to insect attacks during storage compared with the
lower-yielding traditional varieties that store relatively well (Golob,
2002; Smale et al., 1995). As a result, smallholders face a dilemma.
Should they plant high-yielding varieties that carry storage risks or
traditional varieties with lower yields, but less vulnerability to insectData Group, World Bank, 1818
oomotile@purdue.edu (O.J. Om
lyg@purdue.edu (G.E. Shively).
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vier B.V. This is an open access aattacks during storage (Ricker-Gilbert and Jones, 2015)?
In this study, we use a randomized controlled trial (RCT) to measure
whether a smallholder's ability to store maize using an improved storage
technology affects the household's storage decision and, ultimately, its
subsequent decisions about using modern inputs. In our RCT, we pro-
vided to a randomly selected group of households one Purdue Improved
Crop Storage (PICS) hermetic (airtight) storage bag—an improved grain
storage technology—that eliminates insect pests in storage when prop-
erly sealed. We compare choices and decisions among this treated group
against a control group, consisting of farmers that received no inter-
vention and continued to use traditional storage techniques. Because not
all households who were randomly offered the technology chose to use it,
we estimate intention-to-treat (ITT) effects for its policy relevance.
Moreover, the impacts on treated households who took-up the offer and
actually used the storage technology are likely to be larger. That is, unlike
the local average treatment effects (LATE) on compliant households, theH Street NW, Washington, DC 20433, USA.
otilewa), jrickerg@purdue.edu (J. Ricker-Gilbert), J.H.Ainembabazi@agra.org,
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who used the technology and those who did not.1
The present article has two main objectives. First, we estimate
whether receipt of an improved storage technology leads to input-related
behavioral changes in maize cultivation. The behavioral changes of in-
terest include the uptake of improved maize varieties in terms of adop-
tion and intensity (share of area planted to improved varieties), and,
possibly, the use of inorganic fertilizer for increasing maize yields.
Because improved maize varieties are more susceptible to pest attacks
during storage due to their softer kernels and open husks relative to the
traditional, lower-yielding varieties, farmers face an increased post-
harvest storage risk when choosing to plant these improved varieties.
Using panel data from Ethiopia, Dercon and Christiaensen (2011)
showed that ex-post production risk (rainfall variability) reduces a
household's adoption of improved inputs (inorganic fertilizer) ex-ante. If
the same holds true in our context, when households have the ability to
store improved maize varieties in an effective, chemical-free hermetic
storage technology, their storage risks or storability concerns may be
mitigated. Thus, access to hermetic storage technology may influence the
cultivation of improved maize varieties.2 Further evidence that stor-
ability concerns may negatively influence the adoption of improved
maize varieties comes from Malawi (Katengeza et al., 2012; Lunduka
et al., 2012), Zimbabwe (Derera et al., 2006), and Uganda (Obaa et al.,
2005) where farmers expressed preference for traditional varieties due to
storability concerns.
Our second objective is to explore some of the possible channels
through which receipt of an improved storage technology may influence
the adoption of improved maize varieties. For example, these include (i)
the quantity of maize stored at harvest, (ii) the duration of time that
maize is stored, and (iii) use of chemical insecticides, often referred to as
storage chemicals, on stored maize. We also examine the impact of the
technology on the percentage of self-reported post-harvest losses (PHL)
indicated by households.3 Previous studies show that hermetic storage
technologies are effective at limiting maize damage in storage (De Groote
et al., 2013; Njoroge et al., 2014; Tefera et al., 2011). Therefore, one
might reasonably expect access to an improved storage method to in-
fluence storage decisions.
To our knowledge, few published findings explore the causal link
between storage technology and inputs use among smallholder farmers
in SSA. Furthermore, there has been little or no rigorous impact analysis
thus far for hermetic storage bags in SSA, as discussed in a recent review
of the topic (Sheahan and Barrett, 2017). With few exceptions, issues
relating to post-harvest losses have not been considered in studies that
evaluate the adoption of improved inputs such as seed and inorganic
fertilizer among smallholder farm households. Thus, the relationships
between post-harvest management practices, storability concerns, and
adoption of improved seed varieties in SSA remain poorly understood.
Understanding these relationships is important for future maize pro-
ductivity and food security in the region (Bezu et al., 2014; Mason and
Smale, 2013).1 For comparison, the local average treatment effect (LATE) estimates for
main outcomes are shown later in this paper.
2 Dercon and Christiaensen (2011) examined risk in production technologies
and welfare consequences on households when shocks resulted in a poor har-
vest. The risk in our context occurs during storage but the decision-making
process is the same for either (pre-harvest or post-harvest) production risk.
3 One might ask why we did not examine impacts of our intervention on
maize yields or output as one of the key impacts of our intervention. The reason
is that yield or output is not a decision variable but rather an outcome variable,
which is based on endogenous household decisions like seed, fertilizer and
management decisions, along with exogenous factors like rainfall. Rainfall was
low across Uganda in the season following our intervention, which also made it
difficult for us to pick up a statistically significant impact of the hermetic bags
on yields (see Appendix Table C.3 for the model of yields regressed on the
hermetic bag treatment).
177The present article makes two main contributions to the literature.
First, we fill a policy research gap for SSA by estimating a causal rela-
tionship between improved storage technology and improved input
adoption. Ricker-Gilbert and Jones (2015) examined this linkage using
observational panel data from Malawi, and found the use of chemical
insecticides to be significantly associatedwith the probability of adopting
improved seed varieties. However, the authors stop short of concluding
causal impact in their study, and advocate for the use of an RCT to answer
the question more fully in the future. Our impact evaluation with
experimental design complements and builds upon Ricker-Gilbert and
Jones' (2015) study.
The majority of studies that have estimated the impacts of improved
storage technologies in developing countries are observational. For
instance, Gitonga et al. (2013) used propensity score matching (PSM) to
evaluate the economic and food security impacts of hermetic metal silo
on duration of maize storage, loss abatement, and spending on storage
chemicals for maize-growing farmers in Kenya. In Central America,
Bokusheva et al. (2012) used regression analysis and a Tobit model to
estimate impacts of hermetic metal silo on adopter's well-being, sales of
production, and the number of months a farmer purchased foods,
respectively.
To our knowledge, our study is one of a very few to have evaluated
improved storage technologies as part of an RCT. Ndegwa et al. (2016)
used RCT to investigate the effectiveness of hermetic storage bags at
reducing storage losses and its economic viability in an on-farm trial in
one district of Kenya. Basu and Wong (2015) conducted an evaluation of
a randomized seasonal food storage and food credit programs or treat-
ments in West Timor Indonesia. They investigated whether access to
improved storage technology helps households to transfer assets (staple
food endowment) from harvest to lean season, smoothing inter-seasonal
household consumption. They find that the storage treatment increased
non-food consumption but had no effect on staple food consumption. In a
more recent study, Aggarwal et al. (2017) experimentally evaluate a
group-based grain storage scheme through savings clubs in Kenya. They
find that individuals who joined the group-based savings clubs were
more likely to store maize to be consumed or sold at least one month after
harvest. Our study builds on this sparse literature by testing if there is a
behavioral link on the part of smallholders between improved storage
technology, storage decisions and input adoption decisions the next
season.
Our second contribution is to use a large sample (nearly 1200
smallholders) surveyed over two years (2014 and 2016). The experi-
mental panel dataset has a broad geographic scope that gives it a
semblance of being nationally representative of maize producing
households in Uganda. The broader geographic scope relative to previous
studies that evaluate improved storage technologies confers a measure of
external validity on our study to support the internal validity offered by
our experimental design. As such, our results should be generalizable to
similar populations elsewhere in SSA.
Results from our study indicate that households treated with the
improved storage technology are 10 percentage points more likely to
plant hybrid maize seed varieties the following year (significant with p-
value<0.05), consistent with observational findings reported by Rick-
er-Gilbert and Jones (2015) in Malawi. Our findings have implications
for improved maize variety adoption, maize productivity, and poten-
tially, food security among smallholder households; because they suggest
that, an improved storage technology can be a complementary inter-
vention for promoting the adoption of improved maize varieties.
On the possible channels of impact, we find that the treated house-
holds who received the technology do not increase the quantity of maize
stored at harvest, likely because maize is their staple crop so they adopt a
safety-first mentality and used the improved hermetic bag in place of a
traditional bag. However, treated households store maize with the intent
of consuming it for three weeks longer (significant with p-value <0.01),
and they store maize with the intention of selling it for one week longer
(significant with p-value <0.10). In addition, treated households are less
Table 1
Proportion of smallholder households using each storage technology at baseline.






Woven polypropylene bag 71.2 70.5 70.9
Heaped in House 10.7 10.7 10.7
Traditional granaries 6.5 7.3 6.9
Private off-farm store 1.8 1.9 1.8
Improved granaries 1.2 0.8 1.0




Metal silo/drum 0.2 0.2 0.2




Others 6.7 6.7 6.7
Observations 1146 1076 1111
Source: Authors' compilation from 2014 baseline survey
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value <0.05). These findings are consistent with Gitonga et al. (2013).
Lastly, we find that the treated households report storage losses 2.2 to 2.5
percentage points lower than control households (significant with
p-value<0.05). These indicates that between 65 and 71 percent of the
average reported losses in stored maize can be eliminated with an
improved storage technology.
2. Maize production and post-harvest storage losses in Uganda
2.1. Maize production
Maize is one of the major staple foods in Uganda and the most
important cereal crop. It is produced mostly for household subsistence,
but it is evolving as a cash crop, and the Government of Uganda believes
that smallholder farmers can increase their maize productivity by
adopting improved technologies such as hybrids and open pollinated
varieties (Ugandan Bureau of Statistics (UBoS), 2007). According to
UBoS, annual maize production is estimated at 1.5 million metric tons,
and 90 percent of this is used for human consumption with the remaining
10 percent for animal feeds.
Average maize yields are estimated at 1.5 metric tons per hectare
among smallholders (Matsumoto and Yamano, 2011; Okoboi, 2010).
Despite the development and release of improved varieties, yields remain
low partly due to low uptake of these varieties, fake seeds on the market
(Bold et al., 2015) and low input use. Evidence suggests that any increase
in maize production is due to area expansion, rather than an increase in
productivity (Kasenge et al., 2001; Okoboi, 2010; Sserunkuuma, 2005).
In general, the use of improved agricultural technologies remains low in
Uganda relative to other countries in SSA, and it is commonly believed
that increased uptake of these inputs will increase productivity. For
instance, Matsumoto and Yamano (2011) sampled 895 households from
94 rural local council one administrative units across Uganda and found
that only 3 percent used inorganic fertilizer, with an average application
rate of 2.4 kg/ha. Sheahan and Barrett (2014) found that only 36% of
maize farmers in Uganda bought improved seeds for cultivation; and at
3.2 percent, Uganda had the lowest proportion of inorganic fertilizer
users among six SSA countries examined in their study.2.2. Post-harvest storage losses in maize
Uganda is located along the equator, so high temperature and relative
humidity create a suitable environment for insect pests to attack maize in
storage (Tefera, 2012). Nevertheless, precise quantitative assessment of
storage losses in Uganda is difficult due to high year-on-year variability
in pest infestation (Costa, 2015); and magnitudes of loss vary depending
on the measures used to assess the losses (Affognon et al., 2015), length
of storage, or type of maize stored (FAO, 2003).
Using self-reported measures from a nationally representative dataset
from the World Bank's Living Standard Measurement Study—Integrated
Surveys on Agriculture (LSMS-ISA), Kaminski and Christiaensen (2014)
estimated on-farm storage losses for maize to be 3.9 percent on average
in Uganda.4 Although these self-reported losses appear low on average,
they are concentrated and the magnitude can reach up to 100 percent
(total loss) for some households (Kaminski and Christiaensen, 2014).5 In
addition, anecdotal evidence suggests that Ugandan farmers are taking4 There are two types of losses: quantitative dry-weight loss and qualitative
loss such as mold, discoloration, holes in maize from insect damage, etc. Like
Kaminski & Christiaensen, we restrict our loss component to self-reported
quantitative dry-weight loss.
5 Assuming the self-reported losses are true, the lower rates do not necessarily
imply lack of post-harvest storage problems. Selling maize at low prices during
the harvest period and buying at high prices in the lean period keeps households
poor (e.g., see Stephens and Barrett, 2011).
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include selling entire maize gardens or fields to traders prior to harvest,
selling harvested maize immediately or shortly after harvest, and using
storage chemicals and other crop protection methods such as spraying or
smoking.6 These practices could explain why smallholders report low
storage losses in general.2.3. Maize storage technologies
Ugandans use multiple maize storage technologies and practices.
Table 1 shows the percentage of households using each storage tech-
nology or technique prior to our intervention. The predominant tech-
nology is the single-layer woven polypropylene bag popularly called
“kavera” locally; these bags were used by 71 percent of our sample.
Heaping maize in the house, where households leave maize cobs on bare
floor was used by 11 percent of households. Other technologies include
granaries at 8 percent, and private off-farm facilities at 2 percent. All the
above technologies are broadly categorized as traditional storage tech-
nologies. The total use of hermetic (airtight) improved storage technol-
ogy was less than 1 percent in our sample at baseline. Kaminski and
Christiaensen (2014), using LSMS-ISA data, also reported that the use of
improved storage technology was generally low at 0.6 percent in Uganda.
Farmers in SSA generally lack access to improved storage technologies to
store bumper harvests, and Uganda is no exception (Costa, 2015).
Conversely, farmers regularly use chemical insecticides on maize
stored in traditional technologies to prevent on-farm storage pest attacks,
but these chemicals are toxic if not used properly, and largely unregu-
lated (Williamson et al., 2008). At baseline, 11 percent of households in
our sample had applied chemical insecticides on stored maize. In this
context, chemical-free hermetic technologies can be a safe and effective
alternative. For instance, the PICS technology given to farmers in our
intervention is an airtight triple-layered technology consisting of two
high-density polyethylene inner liners and one outer layer of woven
polypropylene bag. It works by impeding oxygen diffusion from outside
the bag to its interior. Thus, when storage insect pests lack oxygen for
metabolism, they become inactive, desiccate and die (Murdock et al.,
2012).
On-going efforts seek to promote the use of hermetic storage bags
under the PICS—phase III (PICS3) project in Uganda. As such, the data
collected in our intervention provides us with a platform to evaluate the
impacts of the technology using field experiments (the intervention is
discussed in detail in the next section). Uganda makes for an interesting
case study because, as shown in Table 1, the use of hermetic storage6 We explore some of these measures in this paper and present more results in
Appendix Tables C.1 and C.2.
Fig. 1. Experimental design.
8 For our power calculations, we used a minimum detectable effect (MDE) of
0.2 standard deviations—generally considered small MDE in practice (Beegle
et al., 2017; Duflo et al., 2007)). Making a generous assumption about
O.J. Omotilewa et al. Journal of Development Economics 135 (2018) 176–198technologies among smallholders is practically non-existent and we can
conduct a rigorous impact evaluation of the technology, which has been
largely missing in SSA (Sheahan and Barrett, 2017).
3. Data, sampling and experimental design
3.1. Data
The data for this study come from two rounds of household-level
experimental panel survey. The baseline survey was conducted from
October to December 2014, followed by the PICS3 intervention in July
2015 (discussed in section 3.3), and the follow-up survey occurred in
2016 during the same months as in the baseline survey. The baseline
survey covered two cropping cycles: the second agricultural season of
2013 (September 2013–January 2014) and the first agricultural season of
2014 (March–August 2014). The post-intervention survey also covered
two cropping cycles: the second agricultural season of 2015 (September
2015–January 2016) and the first agricultural season of 2016 (March-
–August 2016).
We used a structured, pre-tested questionnaire that includes modules
on household demographic characteristics and production-related details
such as total area of cultivated land, area cultivated per crop, input use
levels, and crop yields. The survey tool also asks about grain storage
technologies and practices used, and quantities of maize stored at har-
vest; marketing activities in both harvest and lean periods; assets and
household well-being indicators like crop and off-farm income; gender
differentiated questions on decisionmaking at household levels; food and
nutrition security questions; and social networks.
3.2. Sampling
To select the study area and representative households in our sample,
we used a multi-level stratified sampling approach. First, we identified
the major maize producing districts across Uganda using previous data
from the publicly available LSMS-ISA dataset. Then based on production
volume, we purposely selected two districts in each of the four region-
s—Central without Kampala, Eastern, Western, and Northern—across
Uganda to give the sampling a semblance of nationally representative
maize-growing smallholders in Uganda. Kampala region, which is largely
urban, was excluded. Second, within each selected district, we further
purposely selected three major maize producing sub-counties with
assistance from the district agricultural/production officers (DAOs).
Afterwards, we included three levels of randomization in our sam-
pling process. First, we randomly selected two parishes in each sub-
county and followed the parish selection with another random selec-
tion of one local council one (LC1) per parish.7 Lastly, we randomly
selected twenty-five households that we interviewed from each LC1. The
LC1 chairpersons or leaders provided lists of village residents to facilitate
the random selection of the households at the LC1 level. We assigned a
number to each name on the list and randomly chose twenty-five using a
computer random number generator. In total, we sampled 1200 house-
holds (25 per LC1 in 48 LC1s). Following data cleanup, 1190 valid
household responses remained.
3.3. Experimental design/Intervention
After the baseline survey in 2014, we conducted two randomized
interventions in 2015. The first occurred at the village level, and pro-
vided information about the use and effectiveness of the hermetic bags.
We randomly divided the 48 LC1s into two equal groups of 24. Within7 LC1 is the lowest administrative unit in Uganda, and it sometimes comprises
more than one village but we use LC1 and village interchangeably in this paper.
The administrative units are at the central, district, sub-county, parish and LC1
levels, respectively.
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group, and another into a non-demonstration group (see Fig. 1). Between
July and August of 2015, a non-governmental organization (NGO) called
Cooperative League of the USA (CLUSA) in Uganda implemented
demonstration activities within the demonstration villages, to create
awareness about the improved storage technology. These villages
received demonstrations in which participants who attended were
introduced to the technology and instructed on how to use it correctly.
All households in the demonstration villages were invited to attend these
activities regardless of whether they were sampled (as part of the study)
or not. We refer to the demonstration and non-demonstration LC1s as
DEMO and non-DEMO LC1s, respectively.
The second treatment occurred at the household level, and we
implemented it to measure the impacts of actually receiving one hermetic
bag that can store up to 100 kg of shelled maize on the outcomes of in-
terest in this study. It occurred shortly after CLUSA had implemented the
village demonstration activities in 2015. Within the DEMO LC1s, we gave
one hermetic bag per household to 10 households. These were randomly
selected from the 25 households that were initially sampled from the
baseline survey. Therefore, eligibility for the second treatment was
conditional on living within a village that received a demonstration
about the technology. For the second treatment, the choice of a sub-
sample of 10 households (out of twenty-five) per treatment village was
based on power calculations to arrive at a minimum detectable effect
(MDE) of 0.2 SD in outcomes between the treated and control groups at
the household level.8 Overall, 240 exogenously treated households
received a hermetic bag in our sample. We refer to them as treated
households.
In summary, our study has three groups of households: treated
households within DEMO LC1s (group 1); exposed households who were
untreated within the DEMO LC1s (group 2); and lastly, untreated group
of households in non-DEMO LC1s (group 3) (see Fig. 1 for more details).
It is possible that not all randomly treated households attended the
demonstration activities in DEMO LC1s, but trained technicians who
implemented the second treatment trained the households at the point of
giving out the bags.3.4. Testing for potential attrition bias
Two years after conducting our baseline survey and after two com-
plete harvest cycles following our treatment intervention, we returned
for the post-intervention survey. From the 1190 households in ourintra-cluster correlation coefficient (ICC) of zero (see Appendix Table A.3 for the
actual ICC at baseline), at 80% power and 95% confidence level, a cluster size of
25 and 48 clusters should be sufficient to power our study given that 40%
(P¼ 0.4) of the eligible households in DEMO villages were treated. In addition,
we conducted a baseline survey that increased the number of observations used
for analysis.
10 We explored an additional specification to account for possible spillover
effects on the main outcome variables. We compared non-treated households in
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of resampling. In addition, 233 of the 240 treated households were
successfully re-interviewed. The attrition rate is less than 3%. Relative to
other studies in the region, our attrition rates are comparable or lower
(e.g., Matsumoto and Yamano, 2011). In general, the main cause of
attrition was households migrating out of the area.
However, to test for the presence of attrition bias in our sample,
following Hidrobo et al. (2014) and suggestion by Duflo et al. (2007), we
regressed our outcome variables and other covariates on a binary indi-
cator equal to one for attritted households, and zero otherwise. We found
no systematic difference between attritted and returning households for
all outcome variables (See Table A.1 in Appendix A). For other cova-
riates, with the exception of age, we also did not find any evidence that
attritted households are systematically different from returning house-
holds. Generally, attritted households are six years younger, on average,
indicating mobility among younger households. Very low attrition rates
among the treated households and in the entire sample, coupled with
failure to find significant difference in our simple mean tests, suggests
attrition bias is likely not an issue in our study.9
4. Causal pathways
In this study, we make a few but likely realistic assumptions about
how storage technology affects future household decisions. First, we
assume that households believe improved maize varieties have higher
yields than traditional varieties. Second, storability of the improved
maize varieties is a concern for households when compared to traditional
varieties. Third, treated households believe that improved storage tech-
nologies, such as hermetic bags, can effectively store maize with limited
concerns. These assumptions are supported by anecdotal evidence and
published literature (Derera et al., 2006; Katengeza et al., 2012; Nte-
ge-Nanyeenya et al., 1997).
Consider a rational household's decision on whether to plant
improved higher-yielding maize varieties with storability concerns, to
increase production vs. the low-yielding traditional maize varieties that
are less susceptible to storage pest attacks. Storing improved maize va-
rieties for later use (sale or consumption) in the absence of an effective
storage technology may result in significant losses. Therefore, if a
household expects higher storage losses from cultivating improved va-
rieties, such household will plant less of the varieties. With an improved
storage technology, however, smallholders can effectively store maize for
consumption through the lean period, reducing food expenditure.
Alternatively, they can effectively store to take advantage of inter-
temporal price arbitrage by selling in the lean period.
Therefore, we posit that if households have access to an improved
storage technology to overcome storability concerns associated with the
high-yielding maize varieties in the post-harvest season, they should
store better quality maize for a longer period for either consumption or
sale and cultivate more of the improved seed varieties. Because the use of
a hermetic storage technology should increase confidence in households'
ability to store maize effectively, households may be encouraged to
cultivate the improved varieties that would otherwise store poorly in
traditional storage technologies.
5. Empirical framework
We focus on estimating the direct impacts of randomly assigned
improved storage technology on household input use and storage be-
haviors. To estimate these impacts, we compare potential outcomes for
treated households with the potential outcomes in the absence of the9 Besides, as a robustness check, we bound our estimates following Lee (2009)
and present results for main outcomes in Appendix Table A.2. Our point esti-
mates statistically lie within the estimated Lee bounds, further reducing con-
cerns about attrition bias affecting the estimates.
180treatment. Typically, only one outcome can be observed for any indi-
vidual at a time and it is not possible to identify the counterfactual
outcome. However, with randomization, we can obtain the average po-
tential outcome for the control group, which is a valid counterfactual
devoid of selection bias (Angrist and Pischke, 2009; Duflo et al., 2007;
Wooldridge, 2010).
Furthermore, because we have the benefit of observing each house-
hold in our sample before and after treatment, we employ three different
estimators to estimate our Intention-to-Treat (ITT) effects (τ). These esti-
mators are i) simple means difference (SMD) using only our post-
intervention data, ii) difference-in-difference (DiD) using baseline and
post-intervention data, and iii) household fixed effects (FE) using base-
line and post-intervention data. From the expected causal pathways
described above, we expect the ITT estimates of our treatment effect on
the use of higher-yielding maize varieties to be positive.10 We estimate
all binary dependent variables via linear probability model (LPM).5.1. Intention-to-treat (ITT)
For the first specification (SMD), we estimate the ITT effect for
household i in LC1 j and region r as follows:
yijr ¼ λþ τSMDTi þ βXijr þ σr þ εijr (1)
Let yijr be the observed outcome variables (improved seed use; share
of maize land cultivated to improved variety; fertilizer use; quantity
stored; length of storage for consumption and sale; and storage chemical
use); and Ti is a household-level indicator that equals one if the house-
hold was randomly offered a hermetic bag (treatment) and zero other-
wise. In addition, Xijr is a vector of household characteristics such as age,
education status of the household head, household size, sex of household
head and family size, which are included for precision. Lastly, σr is the
region fixed-effects to account for variations across the regions, and εijr is
the idiosyncratic error term. The coefficient on the treatment assignment
term, τSMD, captures the average effect of being randomly offered the
improved storage technology in a DEMO village, and it is the ITT
parameter of interest. The coefficient β is a vector of parameters associ-
ated with household characteristics.
The second estimator is a pooled (DiD) estimator for the households
in time t. It is estimated as follows:
yijrt ¼ λþ φTi þ κSt þ τDiDSt*Ti þ βXijr þ σr þ εijrt (2)
In addition to the variables described in equation (1), St represents a
time fixed-effect that is equal to one if the observations is from the 2016
post-treatment survey and zero otherwise, and St*Ti is the interaction
between the two variables. Our parameter of interest is τDiD, which is the
ITT using the pooled difference-in-differences. Any correlation between
the time-constant unobserved household-level heterogeneity embedded
in εijrt and the ITT is removed through DiD estimation (Cameron and
Trivedi, 2005; Wooldridge, 2010).
Finally, we use the household FE estimator as follows:
yijt ¼ λþ τFETi þ βXijt þ θt þ μi þ εijt (3)
In this case, τFE gives us the ITT estimate using the fixed-effects
(within) estimator; θt is the time categorical variable for agricultural
seasons, and μi is the time-constant household unobserved heterogeneity.DEMO villages with non-treated households in non-DEMO villages. We found no
spillover effects (see Appendix Tables C.4a–C.4c). This is a logical finding
because there is no reason to believe, and no direct theory of change to support
the idea that households whose neighbors have a 100 kg capacity hermetic bag
will cultivate a maize variety that is highly susceptible to pest attacks in storage.
Only households with the technology can make that decision.
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ference between DiD and FE is that the former removes correlation be-
tween the ITT and μi (embedded in εijrt), while the latter removes
correlation between all covariates and μi (Wooldridge, 2010). Given that
our randomization should take care of both observed and unobserved
household-level heterogeneity, the ITT for DiD and FE should be very
similar.
In comparing SMD to DiD and FE estimators, though randomization
should allow simple mean difference estimation to provide unbiased
results of ITT of receiving the technology, the DiD and FE estimators are
preferred because they exploit the panel nature of our data. Both esti-
mators remove bias in the second period comparisons between treatment
and control groups that could be because of a permanent difference be-
tween the two groups. It also removes bias from comparison over time in
the treatment group. Lastly, both DiD and FE estimates should add
increased robustness to our results, as they are able to remove any time-
constant unobserved heterogeneity that is correlated with ITT from our
model.
5.2. Sampling weights
We used a multi-level stratified sampling approach as earlier
described. We sampled 25 households per village irrespective of the
village population. With this sampling approach, different households
have different probabilities of being sampled and assuming equal prob-
ability could lead to biased estimates of the population effects (Cameron
and Trivedi, 2005). In our regressions, we use sampling weights that are
inversely proportional to the probability of being sampled. The sample
weights are calculated as the inverse of 25 (sample size per LC1)/total
household population for each LC1. That is, the inverse probability of
being selected in any given LC1 for each observation.
Furthermore, in our stratification, since our ultimate sampling units
(households) are clustered within a higher or intermediate sampling unit
(LC1), we cannot rule out serial correlation within the LC1 clusters.
Although the intra-cluster correlation coefficients (ICC) for outcome
variables are relatively low, we use heteroscedasticity-robust standard
errors, clustered at the LC1 level, for all inference.11
5.3. Take-up, local average treatment effect (LATE)
Before presenting treatment effects on treated households, we
examine actual usage of the technology among households in our sample.
First, among treated households who were randomly offered the bags,
about 70 percent used the technology to store grains. The main reason for
not using the technology was poor harvest due to drought in the seasons
following our intervention. Second, for exposed (eligible but not treated)
households in the DEMO villages, only 12 percent had used the tech-
nology indicating households either bought the bag or received it as gift
from a treated neighbor.12 Lastly, among households in the non-DEMO
villages (pure control group), just about 4.5 percent had taken up the
technology post-intervention. These households could have accessed the
technology from other sources outside of study as other vendors market
the product.
As indicated above, because not all households randomly offered the
technology used it, we used the random treatment assignment as an in-
strument for actual usage of the technology to estimate LATE on actual
usage. We discuss and compare this result with the ITT in the results and11 See Table A.3 in Appendix A for the ICC for the outcome variables.
12 We gave only one bag per household to treated households, which should
minimize sharing or gifting of bags from treated to control households, and
reduce unwanted crossovers/spillovers. However, if the majority of users in the
exposed group—untreated households who received no bags in the DEMO vil-
lages (group 2 in Fig. 1)—got the bags from a treated neighbors or friends, the
implication is that our estimated effects would be attenuated.
181discussion section.
5.4. Multiple hypothesis testing
Whenever there are a large number of measured outcomes, significant
coefficients may emerge by chance, even when there are no treatment
effects on the outcomes. This multiple inference concern is well known to
literature (e.g., Anderson, 2008; Romano andWolf, 2005; Williams et al.,
1999). Fortunately, there are methods to correct standard errors for
multiple hypotheses testing without a substantial loss of power as in the
Bonferroni correction (Anderson, 2008; Benjamini et al., 2006).
Following Ksoll et al. (2016) who used sharpened q-values as imple-
mented in Anderson (2008), we conducted multiple hypotheses correc-
tion testing and present adjusted sharpened q-values for our results in
Appendix Table A.4.13 Our findings are robust across specifications in
terms of statistical significance when we adjusted standard errors for
multiple hypotheses testing.
6. Results and discussion
Before assessing the impact of the intervention, we investigate the
success of the randomization process. Thereafter, we present the main
results on input use, examine whether the intervention actually changed
storage behaviors and reported losses as speculated in our causal path-
ways, and perform robustness checks on the main results.
6.1. Baseline randomization balance checks
Table 2 presents the pre-treatment balance of our baseline randomi-
zation. Column (1) shows the mean variables for the control group,
column (2) shows the standard deviation, and column (3) shows the
regression coefficient of the treatment assignment variable. That is, col-
umn (3) shows the ex-ante difference in means between the treated and
control variables. In column (4), we present the p-values for statistical
inference. Column (5) shows the sample size for each variable.
On average, the use of improved maize varieties, share of maize area
cultivated to improved varieties, and inorganic fertilizer use are well
balanced between the treatment and control groups, ex-ante. Thirty-four
percent sampled households planted improved maize varieties in the
control group and there is no significant difference compared to the
treatment group. Likewise, the share of area planted to improved seeds is
34 percent in the control group but not different from the treatment
group. About 10 percent of the sample used inorganic fertilizer and there
is also no significant difference between both groups.
Overall, on the remaining dependent variables, the treatment group
stored 32 kg more maize but with no statistically significant difference.
Likewise, there are no statistical differences in the length of storage for
consumption and sales between both groups of households, ex-ante. For
self-reported storage losses, there is also no difference between both
groups of households, ex-ante. There is, however, a marginally signifi-
cant difference between the treatment and control groups for storage
chemical use (p-value¼ 0.078). Members of the treatment group are 3
percentage points less likely to use storage chemicals on their maize than
the control group on average. The implication is that our post-
intervention estimate of treatment effects for the treatment group may
be upward biased if we use only the post-intervention (cross-sectional)
data to estimate treatment effect. However, we take care of this bias by
pooling both baseline and post-intervention data to form a panel and
using the DiD and FE estimators.
On the covariates, the household characteristics such as age and ed-
ucation status of household head, household size, and proxies for access
to information such as possession of radio set or mobile phone are all
balanced between the two groups. Likewise, the production details and13 We thank one anonymous reviewer for bringing this to our attention.
Table 2
Baseline characteristics and balance between treatment and control groups.
Variables Control Treated
Mean SD Coeff. p-value N
(1) (2) (3) (4) (5)
Panel A: Dependent Variables
¼1 if HH planted improved maize seed 0.34 0.475 0.030 0.404 2235
Share of improved maize area (%) 33.98 47.203 3.422 0.344 2234
¼1 if HH used inorganic fertilizer 0.09 0.287 0.019 0.402 2231
Quantity stored (kg) 606 1024 32.203 0.736 2364
Length of storage for consumption (weeks) 14.4 9.63 0.729 0.522 2364
Length of storage for sales (weeks) 4.4 6.08 0.187 0.592 2364
¼1 if HH used storage chemical on maize 0.12 0.322 0.031* 0.078 2362
Self-reported post-harvest losses (%) 3.15 5.99 0.481 0.365 2131
Panel B: Household Characteristics
Age of household head (years) 44.49 14.822 1.188 0.210 2380
Household size 6.35 2.972 0.195 0.446 2380
¼1 if female-headed household 0.16 0.367 0.014 0.550 2380
¼1 if Polygamous 0.17 0.374 0.007 0.825 2380
¼1 if HH head has any form of education 0.89 0.319 0.002 0.932 2380
¼1 if HH has radio 0.78 0.416 0.009 0.766 2370
¼1 if HH has mobile phone 0.69 0.463 0.002 0.967 2370
Panel C: Production and PH practices
Total maize area (ha.) 0.53 0.499 0.013 0.757 2235
Total quantity harvested-maize (kg) 928 1246 31 0.784 2235
¼1 if Traditional storage technology use 0.83 0.382 0.006 0.845 2364
¼1 if other improved storage tech. use 0.12 0.110 0.004 0.558 2364
¼1 if hermetic storage technology use 0.009 0.097 0.007** 0.013 2364
Panel D: Region Effects
¼1 if region is Eastern 0.25 0.43 0.002 0.974 2380
¼1 if region is Northern 0.25 0.43 0.001 0.995 2380
¼1 if region is Western 0.25 0.43 0.001 0.995 2380
¼1 if region is Central w/o Kampala 0.25 0.43 0.003 0.973 2380
Notes: Columns 1 and 2 report means and standard deviations for control group at baseline. Columns 3 through 5 report results from an OLS regression comparing
households in the treatment and control groups in the baseline controlling for region effects and clustering standard errors at the village level. Columns 3 and 4 report the
OLS coefficient and p-value corresponding to the binary treatment indicator and column 5 reports the sample size for each regression. ***p < 0.01, **p< 0.05, *p < 0.1.
O.J. Omotilewa et al. Journal of Development Economics 135 (2018) 176–198post-harvest storage technologies used are balanced with the exception of
hermetic storage technology use. The difference in hermetic storage
technology balance is because less than 1 percent of our sample had used
the technology at baseline. The difference is statistically significant, but
in terms of magnitude, it is not different from zero. Lastly, both groups of
households are evenly distributed across the regions in our study area.
Overall, our balance check suggests that the randomization process was
effective.
We examine the ITT impacts below. Columns (1–2) present the simple
mean difference estimates, columns (3–4) present DiD estimates and
columns (5–6) present the FE parameter estimates. The first column for
each estimator is without covariates; the second column adds covariates.6.2. Improved maize variety adoption
Table 3 presents the ITT effects of a smallholder household being
randomly offered an improved storage technology (one hermetic bag that
holds 100 kg of shelled maize) on its decisions to plant improved maize
varieties the next season. These estimates test whether treated house-
holds, who are able to preserve their maize efficiently in the post-harvest
period, are subsequently more likely to cultivate higher-yielding varieties
of maize that are known to be susceptible to insect pest attacks in storage.
In columns (1) and (2), we show the simple mean difference estimates
without and with covariates, respectively. Both show a similar positive
and significant effect. On average, randomly treated households are
9.5–9.7 percentage points more likely to plant improved maize varieties.
The similarity in estimates with and without covariates lends some
confidence to their stability and consistency.
The DiD estimate presented in column (3) shows that a random offer
of improved storage technology increases the likelihood of planting
improved maize seed variety by 9.9 percentage points. With the addition
of covariates in column (4), the DiD estimate shows that treated182households are 10 percentage points more likely to cultivate improved
varieties. The FE estimates in columns (5–6) also show a similar positive
effect of close to a 10 percentage point increase. These estimates are
consistent across all columns, with and without covariates, and are sta-
tistically significant at p-value<0.05.
Upon further examination of the treatment groups ex-ante and ex-
post, we found that on average, more households in the control group
stopped cultivating (“disadopted”) hybrid maize varieties post-
intervention. This finding suggests that households who lacked effec-
tive storage technology to store the easily susceptible hybrid varieties
over a long period stopped cultivating it. Conversely, the level of hybrid
seeds remained at the same level for the treatment group who had access
to better storage technology.6.3. Share of area planted to improved seed varieties
Table 4 presents the ITT effects of a randomly offered 100 kg hermetic
storage bag on the share of area cultivated to improved maize varieties.
Similar to the decision to plant improved maize varieties in Table 3,
columns (1) and (2) show there is significant effect for the treatment
group using the SMD estimator. On average, treated households cultivate
a higher share of improved seed varieties by about 9.5 percentage points
(significant at p-value <0.05), with or without additional covariates,
respectively. From our preferred andmore precise DiD and FE estimators,
columns (3) through (6) show a higher and more significant magnitude;
between 9.7 and 10.4 percentage points marginal increase in share of
area planted to improved varieties by treated households, on average. We
conclude that improved storage technology increases share of area
planted to high-yielding varieties.
Overall, our findings appear to support the rationality of smallholder
behavior on the adoption or dis-adoption of high-yielding varieties, in
that if smallholders can effectively store maize grain from improved
Table 4
Treatment effects on share of area planted to improved varieties.
Dependent variable: Share of improved maize area (%) (1) (2) (3) (4) (5) (6)
SMD SMD DiD DiD FE FE




























































Season dummies? Yes Yes No No Yes Yes













Observations 2247 2247 4481 4481 4481 4481
R2 0.035 0.051 0.026 0.048 0.030 0.035
Number of households 1245 1245
Notes: For simplicity, the first row shows the ITT estimates for all estimators with and without covariates. Columns (1) and (2) are the simple mean difference estimates
(τSMD); columns (3) and (4) are the DID treatment effect estimates ðτDIDÞ, which is the ‘treated*post-intervention’ interaction term; and columns (5) and (6) are the
treatment effects estimates from the FE estimator ðτFEÞ. Robust standard errors, clustered at the LC1 level, are shown in parentheses. ***p < 0.01, **p < 0.05, *p < 0.1.
Table 3
Treatment effects on households planting improved maize varieties.
Dependent variable:¼1 if HH planted improved maize (1) (2) (3) (4) (5) (6)
SMD SMD DiD DiD FE FE




























































Season indicators No Yes No No Yes Yes













Observations 2247 2247 4482 4482 4482 4482
R2 0.035 0.052 0.025 0.049 0.030 0.035
Number of households 1245 1245
Notes: For simplicity, the first row shows the ITT estimates for all estimators with and without covariates. Columns (1) and (2) are the simple mean difference estimates
(τSMD); columns (3) and (4) are the DID treatment effect estimates ðτDIDÞ, which is the ‘treated*post-intervention’ interaction term; and columns (5) and (6) are the
treatment effects estimates from the FE estimator ðτFEÞ. Robust standard errors, clustered at the LC1 level, are shown in parentheses. ***p < 0.01, **p < 0.05, *p < 0.1.
O.J. Omotilewa et al. Journal of Development Economics 135 (2018) 176–198maize varieties, they will be more likely to plant these varieties and
allocate a larger share of land to these varieties in the future. These re-
sults are similar in magnitude to previous findings in Ricker-Gilbert and
Jones (2015) from Malawi, despite the fact that we use an experimental
design with data from a different country in SSA. Indeed, it seems that
storability concerns may be inhibiting the cultivation and diffusion of the
higher-yielding maize varieties being promoted in SSA, as evidenced in
our study.1836.4. Fertilizer use
Table 5 presents the ITT effects of a randomly offered 100 kg hermetic
storage bags on the use of inorganic fertilizer. Considering that we found,
on average, a higher likelihood of cultivating higher-yielding varieties
among treated households, we would expect these varieties to be culti-
vated using inorganic fertilizer as this would be optimal for increasing
yields. Although results from the three estimators are positive, they are
small in magnitude and not statistically significant. Our results suggest
Table 5
Treatment effects on households using inorganic fertilizer.
Dependent variable:¼1 if HH used inorganic fertilizer (1) (2) (3) (4) (5) (6)
SMD SMD DiD DiD FE FE




























































Season dummies? Yes Yes No No Yes Yes













Observations 2247 2247 4478 4478 4478 4478
R2 0.081 0.103 0.072 0.090 0.009 0.010
Number of households 1245 1245
Notes: For simplicity, the first row shows the ITT estimates for all estimators with and without covariates. Columns (1) and (2) are the simple mean difference estimates
(τSMD); columns (3) and (4) are the DID treatment effect estimates ðτDIDÞ, which is the ‘treated*post-intervention’ interaction term; and columns (5) and (6) are the
treatment effects estimates from the FE estimator ðτFEÞ. Robust standard errors, clustered at the LC1 level, are shown in parentheses. ***p < 0.01, **p < 0.05, *p < 0.1.
Table 6
Local average treatment effects on three main outcomes.
Main outcome variables: (1) (2) (3) (4) (5) (6)





















































































Observations 2247 2247 2247 2247 2247 2247
R-squared 0.028 0.044 0.028 0.043 0.082 0.103
Notes: For each main outcome, the first columns show parsimonious estimates, whereas the second columns show estimates with additional covariates. Robust standard
errors, clustered at the LC1 level, are shown in parentheses. ***p < 0.01, **p < 0.05, *p < 0.1.
O.J. Omotilewa et al. Journal of Development Economics 135 (2018) 176–198that there is no direct link between improved storage technologies and
inorganic fertilizer use. This makes sense as the improved storage bags
offered to participants in our study makes it safer to plant and store
hybrid maize, but has no direct benefit to fertilizer use, even if hybrid
seeds and inorganic fertilizer have a positive and complementary agro-
nomic relationship to yields. In fact, fertilizer use in Uganda is generally
low and it is not uncommon to find households cultivating modern seed
varieties without using fertilizer (Matsumoto and Yamano, 2011; Shea-
han and Barrett, 2014).14 We estimated LATE via Two-stage least squares (2SLS). Thus, the LATE es-
timates are compared to SMD estimates for each main outcome, respectively.6.5. LATE effects on main outcomes (take-up)
Table 6 presents the LATE estimates across the three main outcomes184tested when receipt of the hermetic bag is used as an IV for using the bag
to store maize.14 In columns (1) and (2), we present LATE estimates on
the decision to cultivate improved seeds without and with covariates,
respectively. With both estimates at 13.6 percentage point increase in the
likelihood of cultivating higher-yielding maize varieties, the LATE effects
are higher than the ITT effects estimate at 9.7 percentage point (see
Table 3). On share of area cultivated to the improved seed varieties in
columns (3) and (4), we find a similar result to the binary decision to
plant improved seed varieties. The LATE estimates, at 13.4 percentage
point increase in share of area cultivated to improved varieties, are
Table 7
Treatment effects on quantity of maize stored at harvest (kg).
Dependent variable: Quantity stored at harvest (kg) (1) (2) (3) (4) (5) (6)
SMD SMD DiD DiD FE FE


































































Season dummies? Yes Yes No No Yes Yes













Observations 2088 2080 4452 4310 4407 4265
R2 0.031 0.681 0.028 0.690 0.031 0.336
Number of households 1241 1240
Notes: For simplicity, the first row shows the ITT estimates for all estimators with and without covariates. Columns (1) and (2) are the simple mean difference estimates
(τSMD); columns (3) and (4) are the DID treatment effect estimates ðτDIDÞ, which is the ‘treated*post-intervention’ interaction term; and columns (5) and (6) are the
treatment effects estimates from the FE estimator ðτFEÞ. Robust standard errors, clustered at the LC1 level, are shown in parentheses. ***p < 0.01, **p < 0.05, *p < 0.1.
15 Given that there was no increase in quantity stored (Table 7) or yield effects
(Appendix Table C.3) among treated households, one of the main effects of the
intervention is improving food security through longer storage to improve
consumption.
O.J. Omotilewa et al. Journal of Development Economics 135 (2018) 176–198higher than the ITT at 9.5 percentage points (see Table 4). Lastly, on
inorganic fertilizer use, although the LATE estimates in columns (5) and
(6) are higher in magnitude than ITT estimates (Table 5), they are also
not statistically significant.
6.6. Results for intermediate outcomes
To investigate some possible causal channels through which access to
an improved storage technology may influence the cultivation of higher-
yielding maize varieties as highlighted above, we examine a number of
storage practices and self-reported storage losses below.
6.7. Quantity of maize stored
Table 7 presents the ITT effect of a randomly offered 100 kg hermetic
storage bags on the quantity of maize stored at harvest. Without any
covariate in the estimated ITT, column (1) shows the treatment group
stored 125 kg more maize at harvest. However, this effect is not statis-
tically significant. Moreover, when we controlled for total maize quantity
harvested (households could only store or use storage technologies if
they harvested maize) along with other household characteristics in
column (2), the additional quantity stored reduced from 125 to 40 kg,
and it is not statistically significant either.
The ITT estimates from our preferred DiD and FE estimators in col-
umns (3–6) show there is no statistically significant impact of the treat-
ment on maize quantity stored at harvest. While this result may seem
surprising given the nature of our intervention, we believe that there are
several behavioral reasons to explain it. First, because treated households
received only one 100 kg capacity hermetic bag, and the average
household stored 606 kg of maize at baseline, the intervention did rela-
tively little to increase total storage capacity of the household. In fact,
Table B.3 in the appendix suggests that receipt of one hermetic bag has
no statistically significant impact on storage capacity. Second, since
maize is the staple crop for most households and the bag did not signif-
icantly increase total storage capacity, treated households likely adopted
a safety-first approach where they stored the amount of maize necessary185for their consumption in the improved hermetic storage bag, instead of in
a less effective traditional bag.
Third, subsequent results show that, on average, treated households
significantly increased their length of storage for consumption by 21
percent, and reported about 75 percent reduction in storage losses. These
findings further support the safety-first utility approach that households
were primarily concerned with consumption.15 Fourth, storage is highly
correlated with production. Given that households reported a significant
(30 percent) drop in production from baseline to follow-up survey, due to
drought in the seasons following our intervention, quantity stored also
decreased across treatment groups in general. Regardless, we may ulti-
mately be underpowered to pick up statistical significance of the treat-
ment intervention on quantity stored. Indeed, the standard deviation on
this variable far exceeds the mean. Moreover, few studies are powered
enough to pick up this type of effect as pointed out in a recent article in
Kenya by Aggarwal et al. (2017).
Lastly, smallholders decide to store grains under multiple binding
constraints. These include efficient storage technology and liquidity
constraints. By providing access to an improved storage technology, we
solved a part of the constraint but not all. Thus, even among treated
households, liquidity constraint at harvest could have played a role in the
lack of increase in quantity stored whereby treated households only
stored for consumption, but sell the remaining grains to meet immediate
liquidity needs (Stephens and Barrett, 2011).6.8. Length of storage for consumption and sales
Table 8 presents the ITT effects on the length of storage if a household
stores maize at harvest with the intention of using it for its own con-
sumption. With the SMD estimator in column (1), on average, households
Table 8
Treatment effects on length of storage for consumption purpose (weeks).
Dependent variable: Length of storage for consumption (weeks) (1) (2) (3) (4) (5) (6)
SMD SMD DiD DiD FE FE




























































Season dummies? Yes Yes No No Yes Yes













Observations 2088 2088 4451 4451 4451 4451
R2 0.022 0.030 0.027 0.039 0.023 0.024
Number of households 1244 1244
Notes: For simplicity, the first row shows the ITT estimates for all estimators with and without covariates. Columns (1) and (2) are the simple mean difference estimates
(τSMD); columns (3) and (4) are the DID treatment effect estimates ðτDIDÞ, which is the ‘treated*post-intervention’ interaction term; and columns (5) and (6) are the
treatment effects estimates from the FE estimator ðτFEÞ. Robust standard errors, clustered at the LC1 level, are shown in parentheses. ***p < 0.01, **p < 0.05, *p < 0.1.
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for about 1.6 weeks longer than the control group of households (sig-
nificant at p-value<0.05). This effect remains consistent when we added
covariates in column (2).
In columns (3) and (4), without and with covariates respectively, the
ITT estimates from the DiD estimator is, on average, three additional
weeks of storage for consumption among treated households. Likewise,
the FE estimates are virtually the same as the DiD estimates. Thus, we
find evidence that a random offer of 100 kg capacity hermetic bag ex-
tends a household's length of storage for consumption. Because the
average length of storage for consumption purposes was 14 weeks at
baseline, this effect implies a 21 percent increase in storage period for
consumption, which could have a significant impact on a household's
ability to feed itself. Our findings are consistent with previous literature
such as (Gitonga et al., 2013) where hermetic metal silo adopters were
able to store their maize for 1.8–2.4 months longer in Kenya.16
In addition, given that the reported average length of the lean period
or duration of food scarcity among sampled households is about eight
weeks, the ITT effect of a single 100 kg improved storage technology,
which is three additional weeks of storage for consumption, could reduce
households' lean period by as much as 38%—a potentially meaningful
impact.
Table 9 presents the ITT effects of receiving an improved storage
technology on length of time households store maize with the aim of
selling later in the post-harvest period. ITT estimate suggests that
receiving one hermetic storage bag causes households to store 0.6–0.7
weeks longer for sale on average. Although the SMD estimates in columns
(1) and (2) are not statistically significant, they are similar to estimates
from the other estimators in columns (3) through (6), where the esti-
mates are marginally significant at p-value<0.10. Given that storage for
sales is about 4 weeks, a marginal increase of 0.7 week is about 17–18
percent of the average storage period for sale.
Although the ITT effect on the duration of storage for sale is nuanced,16 The metal silos evaluated in Gitonga et al. stored about 1 ton, which is 10
times the size of one hermetic bag evaluated in this study. This may explain the
greater duration of storage in that study.
186the impact on the duration of maize storage for consumption is more
pronounced. Therefore, we find evidence to support the longer storage
period causal pathway through which improved storage technology
causes households to plant more improved maize varieties, particularly
for consumption purposes.
6.9. Storage chemical use
One of the major benefits of using hermetic storage technology is that
it alleviates the need to apply chemical insecticides on stored maize.
Chemical insecticides can control storage insects, but could also be
harmful to human health if used improperly (Golob, 2002; Williamson
et al., 2008). In Table 10, we present ITT effects of being treated with a
100 kg capacity hermetic storage bag on this indicator. The SMD esti-
mator in column (1) shows that treated households are, on average, less
likely to apply storage chemicals by roughly 6.2 percentage points. When
we include household covariates in column (2), the likelihood of treated
households using less chemical insecticides did not change, indicating
that the estimates are consistent. Both are statistically significant with a
p-value <0.001. However, because of the ex-ante (statistically weak)
imbalance of 3 percentage points between the treatment and control
groups in the baseline (see Table 2), we are cautious about the estimates
from the simple mean difference. Fortunately, the DiD and FE estimates
shown in columns (3–4) and (5–6) respectively should remove the
ex-ante bias between the two groups.
Both estimators suggest that the ex-ante bias between groups has
been removed. The results show that the treated households are still less
likely to use storage chemicals by about 4 percentage points on average.
The estimates with and without covariates are similar in both estimators
indicating consistency, and are significant at p-value<0.05. Thus, we are
confident that households consider hermetic bags as an alternative to
chemical insecticides, at least partly. This impact suggests positive health
benefits from using a chemical-free improved storage technology because
of the potential hazards associated with using chemical insecticides on
food that will be consumed. Anecdotal evidence suggest that households
may be applying unregulated chemical insecticides on maize, and even
when they are regulated, households may consume their maize before
the chemical's latency period has elapsed.
Table 9
Treatment effects on length of storage for sale purpose (weeks).
Dependent variable: Length of storage for sales (weeks) (1) (2) (3) (4) (5) (6)
SMD SMD DiD DiD FE FE
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Observations 2088 2088 4450 4450 4450 4450
R2 0.040 0.053 0.045 0.060 0.030 0.033
Number of households 1244 1244
Notes: For simplicity, the first row shows the ITT estimates for all estimators with and without covariates. Columns (1) and (2) are the simple mean difference estimates
(τSMD); columns (3) and (4) are the DID treatment effect estimates ðτDIDÞ, which is the ‘treated*post-intervention’ interaction term; and columns (5) and (6) are the
treatment effects estimates from the FE estimator ðτFEÞ. Robust standard errors, clustered at the LC1 level, are shown in parentheses. ***p < 0.01, **p < 0.05, *p < 0.1.
Table 10
Treatment effects on if households use storage chemicals.
Dependent variable:¼1 if HH use storage chemical on maize (1) (2) (3) (4) (5) (6)
SMD SMD DiD DiD FE FE




























































Season dummies? Yes Yes Yes Yes Yes Yes













Observations 2371 2371 4733 4733 4733 4733
R2 0.026 0.032 0.012 0.017 0.002 0.003
Number of households 1245 1245
Notes: For simplicity, the first row shows the ITT estimates for all estimators with and without covariates. Columns (1) and (2) are the simple mean difference estimates
(τSMD); columns (3) and (4) are the DID treatment effect estimates ðτDIDÞ, which is the ‘treated*post-intervention’ interaction term; and columns (5) and (6) are the
treatment effects estimates from the FE estimator ðτFEÞ. Robust standard errors, clustered at the LC1 level, are shown in parentheses. ***p < 0.01, **p < 0.05, *p < 0.1.
17 We estimated the ITT effects on on-farm storage post-harvest loss variable at
the technology level rather than at the household level because the improved
storage capacity is capped at 100 kg (1 bag) at the household level, which is
about 6% and 24% of the average storage capacity and average quantity stored
in the follow-up survey, respectively. Examining the treatment effects at the
household level could create a ‘smearing effect’ where the impact of the her-
metic bag on storage losses could be absorbed by the main (traditional) storage
technology used. Indeed, we found a smearing effect when we estimated ITT at
the household level. See Table A.5 in Appendix A for results at the household
level.
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1876.10. Storage losses
Table 11 shows how access to an improved storage technology affects
self-reported on-farm storage losses at the technology level.17 Since
treated households were offered a 100 kg hermetic storage bag, house-
holds likely stored a larger proportion of their harvested maize in other
non-hermetic technologies. Thus, it is important to examine storage
losses in the hermetic bags compared to storage losses in other technol-
ogies within the households. In column (1), the SMD shows that on
average, self-reported storage loss is 2.2 percentage points less among
Table 11
Treatment effects on on-farm storage losses.
Dependent variable: Self-reported on-farm storage losses (%) (1) (2) (3) (4) (5) (6)
SMD SMD DiD DiD FE FE




























































Season dummies? Yes Yes Yes Yes Yes Yes













Observations 2086 2086 4217 4217 4217 4217
R2 0.011 0.014 0.008 0.012 0.009 0.014
Number of households 1242 1242
Notes: For simplicity, the first row shows the ITT estimates for all estimators with and without covariates. Columns (1) and (2) are the simple mean difference estimates
(τSMD); columns (3) and (4) are the DID treatment effect estimates ðτDIDÞ, which is the ‘treated*post-intervention’ interaction term; and columns (5) and (6) are the
treatment effects estimates from the FE estimator ðτFEÞ. Robust standard errors, clustered at the LC1 level, are shown in parentheses. ***p < 0.01, **p < 0.05, *p < 0.1.
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reported in our sample. The result is the same when we added covariates
in column (2), indicating consistency of the estimates. Both are also
statistically significant at p-value<0.001.
In columns (3) and (4), the DiD estimated effects are not different
from the SMD reported in columns (1) and (2) but the precision
decreased as both estimates are now significant at p-value<0.05. In
columns (5), the FE estimate without covariates shows that on-farm
storage loss is reduced by 2.3 percentage points for maize stored in the
technology within treated households relative to other storage technol-
ogies. Likewise, in column (6) with the addition of covariates, the
magnitude is about the same as in column (5). Both estimates are sta-
tistically significant at p-value<0.1. Thus, these estimates suggest that
about 70% of the average reported losses are eliminated within hermetic
storage bags for treated households. These results are supported by
previous findings in (Bokusheva et al., 2012; Gitonga et al., 2013) who
find that the major effect of hermetic metal silos for users is the near
complete elimination of losses due to storage insect pest attacks.
7. Robustness checks
We conducted a number of robustness checks to ensure validity of our
results. First, we re-estimated our treatment effects for the main outcome
variables with Lee bounds to account for potential attrition bias. The
point estimates from our results statistically fall within the estimated Lee
bounds, indicating that the estimated effects are not affected by attrition
bias (see Appendix Table A.2 for Lee bounds estimates).
Second, we conducted multiple-hypothesis correction testing for all
outcome variables. Appendix Table A.4 presents the sharpened q-values
as implemented by Anderson (2008) and the unadjusted p-values from
the Huber-White robust standard errors, clustered at the LC1 levels. Our
conclusion from the multiple-hypothesis correction is that our findings
are robust to the corrections. For example, the q-values for the decision to
cultivate higher-yielding varieties as well as share of area planted to
these varieties remain significant at 5 percent test levels.
Third, one potential challenge to the validity of our results is if there is
a contamination of our experimental design. Members of the control
group could have purchased the bags, while members of the treatment188group could have purchased additional bags beyond the one they were
given as part of the experiment. The former type of contamination could
lead to attenuation bias, while the latter would lead to an over estimation
of impacts. In fact, about 11 percent of the treated households reported
buying one or more additional bag with their own money, whereas only
6.4 percent of the control group bought one or more bags with their own
money. The supply chain for the improved hermetic bags remained
limited between our intervention in 2015 and follow-up survey in 2016,
so purchasing of the bags outside of our intervention was low. Regard-
less, we test the main results (cultivation of improved maize seed and
share of area planted) for consistency in terms of magnitude and statis-
tical significance across specifications, by dropping contaminated
households (who bought bag(s) outside our intervention) in the treat-
ment and control group.
Results of these other robustness checks are presented in Appendix B.
Overall, our results are consistent when contaminated households were
dropped from the analysis. Excluding contaminated observations from
both groups in our estimation does not change the coefficient estimates in
the DiD and FE estimators (Tables B.1a and B.2a). These estimators use
the baseline and post-intervention data to deal with unobserved factors
that may affect contamination and the decision to plant improved maize
varieties. In addition, the results are largely consistent for the SMD
estimator. Furthermore, including observations from the control group in
our estimation attenuated our full sample estimate (Tables B.1b and
B.2b). The converse is the case when we included contaminated obser-
vations from the treatment group, as ITT effects from the full-sample
estimates are slightly bigger than estimates without contaminated ob-
servations from the treatment group (Tables B.1c and B.2c). In general,
these results, which are largely consistent across the estimators, speak to
the additional robustness benefits that having a baseline and post-
intervention data provide. They further re-affirm our confidence in the
treatment effects as estimated using the full sample above.
8. Conclusions and policy recommendations
We used a randomized controlled trial to estimate the impacts of an
improved storage technology—a hermetic (airtight) bag—on small-
holder farm households in Uganda. To our knowledge, this is one of the
O.J. Omotilewa et al. Journal of Development Economics 135 (2018) 176–198first large-scale RCTs to evaluate a post-harvest storage technology and
the first to evaluate how storage technology affects smallholders' input
use and planting decisions in the developing world. The main behavioral
hypothesis tested is whether the improved storage technology is causally
linked to production decisions and storage practices in the subsequent
year. Our results indicate that receiving one hermetic bag that can store
100 kg of shelled maize has a direct and positive impact on households'
decisions to cultivate improved maize varieties that are higher-yielding
but more susceptible to insect pests in storage, than traditional maize
varieties.
Our results further indicate that treated households did not store
more maize relative to the control group. We suspect this is mainly
because households generally adopted a safety-first approach, storing
maize—a major staple food—for consumption in an improved technol-
ogy; and those households with liquidity constraints may choose to sell
their remaining maize at harvest rather than store in inefficient tradi-
tional storage technologies. However, the treated households stored
maize for longer periods for both consumption and marketed sales. We
conclude that improved storage technology has the ability to reduce food
insecurity by increasing the duration of storage for consumption. The
treated household in our RCT who received one hermetic bag, stored 20
percent longer on average, and results could be larger if they purchase
additional hermetic bags in the future. Furthermore, we find evidence
that the treated households are less likely to use chemical insecticides on
their stored maize, avoiding the potential health hazards typically asso-
ciated with improper use of these chemicals on their food supply. Lastly,
the intervention also reduced average self-reported storage losses by
61–70 percent, increasing household food supply and availability.
The main policy recommendation that emanates from our study is
that development agencies, researchers and policy makers advocating
the use of improved higher-yielding hybrid maize seeds among small-
holder farmers in SSA should consider promoting hermetic storage
technologies as a complementary intervention. The use of improved
storage technologies can help allay smallholders' concerns about these189softer-kernel hybrid maize varieties, which are susceptible to pest attacks
in storage. This may be the missing link needed to convince rational
farmers to take-up these higher-yielding varieties. Our experimental re-
sults show that offering a household one free hermetic bag that holds a
maximum of 100 kg can have a meaningful impact on household well-
being in terms of duration of storage, reduction in use of storage chem-
icals and storage losses, which translates into the adoption of
productivity enhancing seeds in the future. The impacts would likely be
even larger for households acquiring multiple bags, who could then store
a substantially larger share of their harvest in an insect-free and
chemical-free environment. Though we have identified some important
shorter-term benefits from hermetic technology, future work should
consider and estimate how the use of these bags affects income, con-
sumption, nutrition, and dietary diversity over a longer period.
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Mean difference at baseline between attritted and returning households.
Variables Returning AttrittedMean SD Coeff. p-value N(1) (2) (3) (4) (5)Dependent Variables
Quantity stored (kg) 609 1071 108 0.575 2364
Length of storage for consumption (weeks) 14.26 9.58 0.643 0.655 2364
Length of storage for sales (weeks) 4.38 5.99 0.332 0.552 2364
Reported actual post-harvest losses (%) 3.21 6.60 0.741 0.242 2131
¼1 if HH used storage chemical on maize 0.11 0.31 0.071 0.132 2362
¼1 if HH planted improved maize seed 0.34 0.47 0.006 0.923 2235
¼1 if HH used inorganic fertilizer 0.09 0.29 0.003 0.932 2231
Share of improved maize area (%) 33.27 46.93 1.152 0.839 2234
Household Characteristics
Age of household head (years) 45.0 14.7 5.96*** 0.001 2380
Household size 6.4 3.1 0.67* 0.099 2380
¼1 if female-headed household 0.16 0.37 0.02 0.631 2380
¼1 if Polygamous 0.17 0.38 0.01 0.835 2380
¼1 if HH head has any form of education 0.88 0.32 0.02 0.512 2380
¼1 if HH has radio 0.78 0.41 0.07 0.230 2370
¼1 if HH has mobile phone 0.69 0.46 0.01 0.851 2370
Production and PH practices
Total maize area (ha.) 0.52 0.48 0.11 0.236 2235
Total quantity harvested-maize (kg) 905 1259 364 0.160 2235
Region Effects
¼1 if REGION¼ 200, Eastern 0.25 0.43 0.08 0.382 2380
¼1 if REGION¼ 300, Northern 0.25 0.43 0.00 0.952 2380(continued on next column)
O.J. Omotilewa et al. Journal of Development Economics 135 (2018) 176–198Table A.1 (continued )Variables Returning190AttrittedMean SD Coeff. p-value N(1) (2) (3) (4) (5)¼1 if REGION¼ 400, Western 0.25 0.43 0.07 0.152 2380
¼1 if REGION¼ 100, Central wo Kampala 0.25 0.43 0.01 0.823 2380Notes: Columns 1 and 2 report means and standard deviations for control villages in the baseline. Columns 3 through 5 report results from an OLS regression comparing
households in treated and control villages in the baseline controlling for region effects and clustering standard errors at the village level. Columns 3 and 4 report the OLS
coefficient and p-value corresponding to the binary treatment indicator and column 5 reports the sample size for each regression.
***p < 0.01, **p < 0.05, *p < 0.1.Table A.2
Lee bounds estimates to account for attrition bias on treatment effects.
Main Outcome Variables Coef. Std. Err.¼1 if HH planted improved maize varieties
lower 0.081*** 0.025
upper 0.092*** 0.024Share of improved maize area (%)
lower 7.903*** 2.496
upper 9.012*** 2.406¼1 if HH used inorganic fertilizer
lower 0.011 0.020
upper 0.000 0.018Table A.3
Intra-cluster correlation coefficients for dependent variables.
variables ICC SE NQuantity Stored (kg) 0.013 0.008 4452
Length of storage for consumption (weeks) 0.045 0.019 4452
Length of storage for sales (weeks) 0.024 0.017 4450
Reported actual post-harvest losses (%) 0.000 0.010 4219
¼1 if HH used storage chemicals 0.027 0.038 4733
¼1 if HH planted improved maize seed 0.099 0.126 4482
Share of improved maize area (%) 0.103 0.127 4481
Total area planted to improved maize (ha.) 0.102 0.070 4482
¼1 if HH uses inorganic fertilizer 0.014 0.021 4478Notes: An ICC value of zero means there is no difference between the variation within clusters (LC1s) and the
variation between clusters. The closer the ICC is to 1, the more observations (25 households) within each LC1
lack variation (implying no power gain or efficiency from having a larger sample). However, an ICC value closer
to zero indicates a bigger variation in the within sample, which is beneficial in terms of efficiency or power gain.
Source: Authors' compilation.Table A.4
Comparison of p-values and sharpened q-values for multiple hypothesis testing.
Outcome Variables SMD DID FEp-val q-val p-val q-val p-val q-val¼1 if households planted improved maize varieties 0.027 0.043 0.046 0.059 0.031 0.058
Share of improved maize area (%) 0.022 0.043 0.033 0.053 0.022 0.055
¼1 if households used inorganic fertilizer 0.598 0.290 0.797 0.295 0.513 0.172
Quantity of maize stored (kg) 0.225 0.107 0.943 0.309 0.979 0.325
Length of storage for consumption (weeks) 0.047 0.058 0.000 0.001 0.000 0.001
Length of storage for sales (kg) 0.199 0.107 0.103 0.074 0.057 0.063
¼1 if households used storage chemicals 0.000 0.001 0.003 0.011 0.021 0.055
Self-reported storage losses (%) 0.000 0.001 0.022 0.047 0.053 0.063Note: The sharpened q-values were computed from the unadjusted p-values derived from Huber-White robust standard errors, clustered at the LC1 level, following
Anderson (2008).
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Treatment effects on on-farm storage losses at the household level.









(0.123)Age of household head 0.019**
(0.009)0.017*
(0.009)0.005
(0.016)¼1 if HH head is educated 0.023
(0.534)0.118
(0.333)2.230*
(1.311)Female headed household 0.021
(0.568)0.556
(0.353)1.936***












(0.685)Season dummies? No Yes Yes Yes Yes Yes








(1.009)Observations 2088 2088 4219 4219 4219 4219
R-squared 0.006 0.011 0.005 0.010 0.004 0.009
Number of HHs 1242 1242Notes: For simplicity, the first row shows the ITT estimates for all estimators with and without covariates. Columns (1) and (2) are the simple mean difference estimates
(τSMD); columns (3) and (4) are the DID treatment effect estimates ðτDIDÞ, which is the ‘treated*post-intervention’ interaction term; and columns (5) and (6) are the
treatment effects estimates from the FE estimator ðτFEÞ. Robust standard errors, clustered at the LC1 level, are shown in parentheses. ***p < 0.01, **p < 0.05, *p < 0.1.
Appendix BTable B.1a
Treatment effects on household planting improved maize varieties (sample without the treatment and control groups contaminated observations).
Dependent variable:¼1 if HH planted improved maize (1) (2) (3) (4) (5) (6)









(0.005)Age of household head 0.000
(0.001)0.001
(0.001)0.001
(0.001)¼1 if HH head is educated 0.025
(0.058)0.090**
(0.034)0.032
(0.036)Female headed household 0.072**
(0.027)0.095***
(0.029)0.120*












(0.052)Season dummies? No Yes Yes Yes Yes Yes








(0.088)Observations 2166 2166 4397 4397 4397 4397
R2 0.033 0.047 0.027 0.053 0.034 0.040
Number of households 1243 1243Notes: For simplicity, the first row shows the ITT estimates for all estimators with and without covariates. Columns (1) and (2) are the simple mean difference estimates
(τSMD); columns (3) and (4) are the DID treatment effect estimates ðτDIDÞ, which is the ‘treated*post-intervention’ interaction term; and columns (5) and (6) are the
treatment effects estimates from the FE estimator ðτFEÞ. Robust standard errors, clustered at the LC1 level, are shown in parentheses. ***p < 0.01, **p < 0.05, *p < 0.1.
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Treatment effects on household planting improved maize varieties (sample without the control group contaminated observations).









(0.005)Age of household head 0.000
(0.001)0.001
(0.001)0.001
(0.001)¼1 if HH head is educated 0.028
(0.058)0.091***
(0.034)0.032
(0.036)Female headed household 0.075***
(0.027)0.096***
(0.029)0.119*












(0.052)Season dummies? No No Yes Yes Yes Yes








(0.087)Observations 2190 2190 4423 4423 4423 4423
R2 0.034 0.050 0.026 0.053 0.033 0.038
Number of households 1244 1244Notes: For simplicity, the first row shows the ITT estimates for all estimators with and without covariates. Columns (1) and (2) are the simple mean difference estimates
(τSMD); columns (3) and (4) are the DID treatment effect estimates ðτDIDÞ, which is the ‘treated*post-intervention’ interaction term; and columns (5) and (6) are the
treatment effects estimates from the FE estimator ðτFEÞ. Robust standard errors, clustered at the LC1 level, are shown in parentheses. ***p < 0.01, **p < 0.05, *p < 0.1.
Table B.1c
Treatment effects on household planting improved maize varieties (sample without the treatment group contaminated observations).
Dependent variable:¼1 if HH planted improved maize (1) (2) (3) (4) (5) (6)









(0.005)Age of household head 0.000
(0.001)0.001*
(0.001)0.000
(0.001)¼1 if HH head is educated 0.033
(0.057)0.093***
(0.033)0.028
(0.036)Female headed household 0.064**
(0.030)0.091***
(0.030)0.121*












(0.051)Season dummies? No No Yes Yes Yes Yes








(0.089)Observations 2223 2223 4456 4456 4456 4456
R2 0.035 0.056 0.026 0.053 0.030 0.036
Number of households 1244 1244Notes: For simplicity, the first row shows the ITT estimates for all estimators with and without covariates. Columns (1) and (2) are the simple mean difference estimates
(τSMD); columns (3) and (4) are the DID treatment effect estimates ðτDIDÞ, which is the ‘treated*post-intervention’ interaction term; and columns (5) and (6) are the
treatment effects estimates from the FE estimator ðτFEÞ. Robust standard errors, clustered at the LC1 level, are shown in parentheses. ***p < 0.01, **p < 0.05, *p < 0.1.
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Treatment effects on share of area planted to improved varieties (sample without the treatment and control groups contaminated observations).









(0.500)Age of household head 0.014
(0.073)0.129
(0.083)0.064
(0.118)¼1 if HH head is educated 1.738
(5.773)8.356**
(3.369)3.228
(3.637)Female headed household 7.336***
(2.624)9.434***
(2.865)11.356*












(5.117)Season dummies? No No Yes Yes Yes Yes








(8.716)Observations 2166 2166 4396 4396 4396 4396
R2 0.032 0.046 0.027 0.052 0.034 0.040
Number of households 1243 1243Notes: For simplicity, the first row shows the ITT estimates for all estimators with and without covariates. Columns (1) and (2) are the simple mean difference estimates
(τSMD); columns (3) and (4) are the DID treatment effect estimates ðτDIDÞ, which is the ‘treated*post-intervention’ interaction term; and columns (5) and (6) are the
treatment effects estimates from the FE estimator ðτFEÞ. Robust standard errors, clustered at the LC1 level, are shown in parentheses. ***p < 0.01, **p < 0.05, *p < 0.1.
Table B.2b
Treatment effects on share of area planted to improved varieties (sample without the control group contaminated observations).









(0.532)Age of household head 0.012
(0.076)0.128
(0.084)0.074
(0.119)¼1 if HH head is educated 1.959
(5.774)8.497**
(3.387)3.189
(3.611)Female headed household 7.591***
(2.656)9.554***
(2.884)11.311*












(5.110)Season dummies? No No Yes Yes Yes Yes








(8.579)Observations 2190 2190 4422 4422 4422 4422
R2 0.033 0.049 0.027 0.052 0.033 0.039
Number of households 1244 1244Notes: For simplicity, the first row shows the ITT estimates for all estimators with and without covariates. Columns (1) and (2) are the simple mean difference estimates
(τSMD); columns (3) and (4) are the DID treatment effect estimates ðτDIDÞ, which is the ‘treated*post-intervention’ interaction term; and columns (5) and (6) are the
treatment effects estimates from the FE estimator ðτFEÞ. Robust standard errors, clustered at the LC1 level, are shown in parentheses. ***p < 0.01, **p < 0.05, *p < 0.1.
Table B.2c
Treatment effects on share of area planted to improved varieties (sample without the treatment group contaminated observations).






(4.146)Household size(continued on next column)
O.J. Omotilewa et al. Journal of Development Economics 135 (2018) 176–198Table B.2c (continued )Dependent variable: Share of improved maize area (%) (1) (2)194(3) (4) (5) (6)SMD SMD DiD DiD FE FE1.090***
(0.372)0.630***
(0.223)1.152**
(0.488)Age of household head 0.034
(0.071)0.139*
(0.082)0.060
(0.116)¼1 if HH head is educated 2.556
(5.647)8.712**
(3.331)2.767
(3.589)Female headed household 6.512**
(2.966)9.021***
(2.962)11.420*












(5.055)Season dummies? No No Yes Yes Yes Yes








(8.759)Observations 2223 2223 4455 4455 4455 4455
R2 0.033 0.047 0.026 0.052 0.031 0.036
Number of households 1244 1244Notes: For simplicity, the first row shows the ITT estimates for all estimators with and without covariates. Columns (1) and (2) are the simple mean difference estimates
(τSMD); columns (3) and (4) are the DID treatment effect estimates ðτDIDÞ, which is the ‘treated*post-intervention’ interaction term; and columns (5) and (6) are the
treatment effects estimates from the FE estimator ðτFEÞ. Robust standard errors, clustered at the LC1 level, are shown in parentheses. ***p < 0.01, **p < 0.05, *p < 0.1.Table B.3
Treatment effects on household storage capacity.
VARIABLES (1) (2)Ln (storage capacity) Ln (storage capacity)¼1 if HH received a hermetic bag 0.039
(0.080)0.029
(0.074)Household size 0.059***
(0.014)Age of household head 0.006**
(0.002)¼1 if HH head is educated 0.360***
(0.079)¼1 if female headed household 0.218***
(0.078)¼1 if Eastern Region 0.248**
(0.112)0.321***
(0.100)¼1 if Western Region 0.112
(0.121)0.113
(0.100)¼1 if Northern Region 0.083
(0.139)0.077





R2 0.012 0.064Notes: Robust standard errors, clustered at the LC1 level, are shown in parentheses.
***p < 0.01, **p < 0.05, *p < 0.1.Appendix CTable C.1
Treatment effects on household decisions to sell at harvest.









(0.006)Age of household head 0.003***
(0.001)0.003***
(0.001)0.000
(0.002)(continued on next column)
O.J. Omotilewa et al. Journal of Development Economics 135 (2018) 176–198Table C.1 (continued )Dependent variable: 1 if HH sold maize at harvest (1) (2)195(3) (4) (5) (6)SMD SMD DiD DiD FE FE¼1 if HH head is educated 0.033
(0.050)0.001
(0.025)0.035
(0.078)Female headed household 0.102**
(0.041)0.062**
(0.027)0.097












(0.042)Season indicators No Yes No No Yes Yes








(0.096)Observations 2377 2377 4749 4749 4749 4749
R2 0.037 0.055 0.056 0.088 0.083 0.084
Number of households 1245 1245Notes: For simplicity, the first row shows the ITT estimates for all estimators with and without covariates. Columns (1) and (2) are the simple mean difference estimates
(τSMD); columns (3) and (4) are the DID treatment effect estimates ðτDIDÞ, which is the ‘treated*post-intervention’ interaction term; and columns (5) and (6) are the
treatment effects estimates from the FE estimator ðτFEÞ. Robust standard errors, clustered at the LC1 level, are shown in parentheses. ***p < 0.01, **p < 0.05, *p < 0.1.
Table C.2
Treatment effects on storage at harvest for sales in the lean period.
Dependent variable:¼1 if HH stored maize for sale at harvest (1) (2) (3) (4) (5) (6)









(0.005)Age of household head 0.000
(0.001)0.001
(0.001)0.001
(0.002)¼1 if HH head is educated 0.023
(0.034)0.043**
(0.018)0.007
(0.036)Female headed household 0.063*
(0.034)0.009
(0.028)0.098**












(0.022)Season indicators No Yes No No Yes Yes








(0.099)Observations 2376 2376 4740 4740 4740 4740
R2 0.034 0.040 0.030 0.042 0.019 0.021
Number of households 1245 1245Notes: For simplicity, the first row shows the ITT estimates for all estimators with and without covariates. Columns (1) and (2) are the simple mean difference estimates
(τSMD); columns (3) and (4) are the DID treatment effect estimates ðτDIDÞ, which is the ‘treated*post-intervention’ interaction term; and columns (5) and (6) are the
treatment effects estimates from the FE estimator ðτFEÞ. Robust standard errors, clustered at the LC1 level, are shown in parentheses. ***p < 0.01, **p < 0.05, *p < 0.1.
Table C.3
Treatment effects on maize yield.









(11.380)Age of household head 5.558*
(3.209)5.063**
(1.985)4.537*
(2.312)¼1 if HH head is educated 116.086
(108.131)32.948
(66.048)21.247
(138.264)Female headed household 375.977***
(79.089)245.574***
(66.112)105.311
(195.721)(continued on next column)












(115.453)Season indicators No Yes No No Yes Yes








(194.536)Observations 2247 2247 4481 4481 4481 4481
R2 0.058 0.089 0.099 0.132 0.125 0.126
Number of households 1245 1245Notes: For simplicity, the first row shows the ITT estimates for all estimators with and without covariates. Columns (1) and (2) are the simple mean difference estimates
(τSMD); columns (3) and (4) are the DID treatment effect estimates ðτDIDÞ, which is the ‘treated*post-intervention’ interaction term; and columns (5) and (6) are the
treatment effects estimates from the FE estimator ðτFEÞ. Robust standard errors, clustered at the LC1 level, are shown in parentheses. ***p < 0.01, **p < 0.05, *p < 0.1.
Table C.4a
Spillover effects on household planting improved maize varieties.
Dependent variable:¼1 if HH planted improved maize (1) (2) (3) (4) (5) (6)
SMD SMD DiD DiD FE FESpillover effect (γ) 0.033 0.040 0.036 0.028 0.025 0.035





(0.005)Age of household head 0.000
(0.001)0.001
(0.001)0.000
(0.001)¼1 if HH head is educated 0.019
(0.063)0.072**
(0.035)0.013
(0.037)Female headed household 0.090***
(0.032)0.107***
(0.034)0.124*












(0.049)Season indicators No Yes No No Yes Yes








(0.081)Observations 1804 1804 3591 3591 4039 4039
R2 0.029 0.043 0.032 0.057 0.035 0.041
Number of households 1243 1243Notes: For simplicity, the first row shows the ITT estimates for all estimators with and without covariates. Columns (1) and (2) are the simple mean difference estimates
(γSMD); columns (3) and (4) are the DID treatment effect estimates ðγDIDÞ, which is the ‘treated*post-intervention’ interaction term; and columns (5) and (6) are the
treatment effects estimates from the FE estimator ðγFEÞ. Robust standard errors, clustered at the LC1 level, are shown in parentheses. ***p < 0.01, **p < 0.05, *p < 0.1.
Table C.4b
Spillover effects on share of area planted to improved varieties.
Dependent variable: Share of improved maize area (%) (1) (2) (3) (4) (5) (6)SMD SMD DiD DiD FE FESpillover effect (γ) 3.834 4.497 2.605 1.833 1.361 2.311





(0.540)Age of household head 0.018
(0.083)0.124
(0.090)0.010
(0.097)¼1 if HH head is educated 0.998
(6.260)6.609*
(3.434)1.382
(3.666)Female headed household 9.265***
(3.133)10.725***
(3.350)11.437*








(4.676)(continued on next column)




(4.753)Season indicators No Yes No No Yes Yes









R2 1804 1804 3590 3590 4038 4038
Number of households 0.028 0.043 0.033 0.056 0.035 0.041Notes: For simplicity, the first row shows the ITT estimates for all estimators with and without covariates. Columns (1) and (2) are the simple mean difference estimates
(γSMD); columns (3) and (4) are the DID treatment effect estimates ðγDIDÞ, which is the ‘treated*post-intervention’ interaction term; and columns (5) and (6) are the
treatment effects estimates from the FE estimator ðγFEÞ. Robust standard errors, clustered at the LC1 level, are shown in parentheses. ***p < 0.01, **p < 0.05, *p < 0.1.
Table C.4c
Spillover effects on households using fertilizer.
Dependent variable:¼1 if HH used fertilizer (1) (2) (3) (4) (5) (6)
SMD SMD DiD DiD FE FESpillover effect (γ) 0.019 0.008 0.004 0.000 0.021 0.021





(0.003)Age of household head 0.002***
(0.001)0.002**
(0.001)0.000
(0.000)¼1 if HH head is educated 0.049
(0.056)0.007
(0.031)0.063**
(0.031)Female headed household 0.082***
(0.026)0.058***
(0.019)0.006












(0.037)Season indicators No Yes No No Yes Yes








(0.033)Observations 1804 1804 3588 3588 4035 4035
R2 0.061 0.084 0.065 0.085 0.007 0.010
Number of households 1243 1243Notes: For simplicity, the first row shows the ITT estimates for all estimators with and without covariates. Columns (1) and (2) are the simple mean difference estimates
(γSMD); columns (3) and (4) are the DID treatment effect estimates ðγDIDÞ, which is the ‘treated*post-intervention’ interaction term; and columns (5) and (6) are the
treatment effects estimates from the FE estimator ðγFEÞ. Robust standard errors, clustered at the LC1 level, are shown in parentheses. ***p < 0.01, **p < 0.05, *p < 0.1.
Appendix D. Supplementary data
Supplementary data related to this article can be found at https://doi.org/10.1016/j.jdeveco.2018.07.006.References
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